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Calculation of PM, 5 in Seoul 12-hours in Advance Using Simple

Artificial Neural Network with Measurements of Background Sites,
and Analysis of Contribution of Input Variables
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Recently, Artificial Neural Network (ANN) models have been successfully applied to predict PM, 5 mass

concentration. However, the complex nature of ANNs hinders understanding of the actual relationship between input
variables and output PM, s. In this study, a simple ANN model was constructed to predict the PM, 5 mass of Seoul 12 hours in
advance using nine atmospheric variables routinely measured in Seoul and three Background sites. The contribution of the
input variables from the four sites to the predicted PM, 5 mass was then estimated using the Connection Weight Method
(CWM) and the Garson’s Algorithm (GA). The second rank of Baengnyeong Island PM, 5 after Seoul suggests the impact of
transport, and the least contribution of reactive gases of Seoul including O3, NO,, SO,, and CO, indicates the relatively
insignificant contribution of in situ formation to PM, 5. The ranking of meteorological variables including temperature, relative
humidity, and wind direction and speed highlights the importance of synoptic meteorological conditions in determining
PM, 5 levels in Seoul. It also reveals the role of stagnation in increasing PM, s mass.

Key words: Artificial neural network, PM, 5 prediction, Input variable feature importance
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Fig. 1. The map shows four observation sites including
Seoul, Baegnyeong Island, Jeju Island, and Ulleung Island.
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Table 1. Acquisition rate (%) of input variables at four obser-
vation sites.

Seoul Beagnyeong Ulleung Jeju
PM, 5 98.8 926 80.5 75.8
O3 99.1 96.8 90.8 95.4
NO, 96.7 97.3 89.6 92.1
co 95.5 97.3 90.5 774
SO, 98.7 96.8 85.7 85.6
T 100.0 100.0 100.0 100.0
RH 99.9 100.0 99.9 99.9
WS 99.9 100.0 100.0 99.6
WD 99.8 99.8 99.8 99.1
(b)

Fig. 2. 12-hours backward trajectories of air masses arriving at Seoul in (a) winter and (b) summer from 2015 to 2019.
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Fig. 3. The structure of Artificial Neural Network (ANN) model used in this study. Input variables were divided into four
groups including PM, 5, precursor gases, meteorological parameters, and photochemical surrogate.
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Fig. 4. The index of agreement (IOA) against node number.
nl h1y Table 2. The number of nodes for maximum I0A (I0A,,,,)
P J |W Wi | and minimum MAE (MAE,;,) during the summer and winter.
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Fig. 5. Hourly observation and model prediction re:: of PM, s in (a) summer and (b) in winter.
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factors) for summer and winter at four stations calculated
using CWM method.

Season Factor 1 Factor 2 Factor 3

S 1 4 3

BI 2 3 1

Summer ul 4 1 5
JI 3 2 4

S 1 3 3

) BI 2 4 2
Winter ul 4 5 1
JI 3 1 4

Factor 1 7|7} 7 331 1 o2 ¥WH= & 9] Factor
1 719 =7} =8ttt o]9F It & Factor 2= 259}
A|F 0] 71027} =kt Factor 32 HH o} 25
2] 7)oz 7} S qron], A48t AFo] el
ot

Factor 1< 12A]7F =)
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